In this study, 27 polarimetric parameters were extracted from Radarsat-2 polarimetric synthetic aperture radar (SAR) at each growth stage of the rape crop. The sensitivity to growth parameters such as stem height, leaf area index (LAI), and biomass were investigated as a function of days after sowing. Based on the sensitivity analysis, five empirical regression models were compared to determine the best model for stem height, LAI, and biomass inversion. Of these five models, quadratic models had higher R 2 values than other models in most cases of growth parameter inversions, but when these results were related to physical scattering mechanisms, the inversion results produced overestimation in the performance of some parameters. By contrast, linear and logarithmic models, which had lower R 2 values than the quadratic models, had stable performance for growth parameter inversions, particularly in terms of their performance at each growth stage. The best biomass inversion performance was acquired by the volume component of a quadratic model, with an R 2 value of 0.854 and root mean square error (RMSE) of 109.93 g m −2 . The best LAI inversion was also acquired by a quadratic model, but used the radar vegetation index (Cloude), with an R 2 value of 0.8706 and RMSE of 0.56 m 2 m −2 . Stem height was acquired by scattering angle alpha (α) using a logarithmic model, with an R 2 of 0.926 value and RMSE of 11.09 cm. The performances of these models were also analysed for biomass estimation at the second growth stage (P2), third growth stage (P3), and fourth growth stage (P4). The results showed that the models built at the P3 stage had better substitutability with the models built during all of the growth stages. From the mapping results, we conclude that a model built at the P3 stage can be used for rape biomass inversion, with 90% of estimation errors being less than 100 g m −2 .
Introduction
Rape (Brassica napus L.) has been the second largest source of protein and the third leading source of vegetable oil in the world since 2000, according to the United States Department of Agriculture [1] . Its planting area has increased in recent years; therefore, the importance of this crop to global markets is clearly increasing, and as such, there has been much interest in accurately monitoring its growth and estimating yields. Crop yield is a critical indicator of national food security and food trade [2] . Forecasting yield is not a trivial task, especially given that the global population is expected to reach about 9 billion in 2050 [3, 4] . As good indicators of crop potential yield, crop modelling algorithms, empirical regression models, which simplify the process of interaction between the vegetation canopy and microwaves, can retrieve the estimated parameters effectively and timeously; therefore, these linear or nonlinear algorithms have been applied in many previous studies [27] [28] [29] . In practice, the relationships between biomass and quad-polarimetric parameters are often complex. Sometimes several empirical regression models are suitable for parameter inversion [28] . To the best of our knowledge, no previous study has identified the most suitable empirical regression models through a detailed comparison of these algorithms. Meanwhile, previous estimation models were only built during the whole crop growth season or in special growth stages, and their interchangeability has also not been explored. The best performance of empirical regression models in rape biomass inversion and the interchangeability and suitability of these algorithms are still unknown.
Therefore, this study focused on the following: (i) sensitivity of quad polarimetric observables to rape biomass at each growth stage and during the entire growth cycle, using temporal Radarsat-2 data acquired during the whole growth season; (ii) the best estimation of rape biomass, with empirical regression models based on parameters selected from all of the extracted qaud-polarimetric variables; and (iii) the feasibility of using models built during the whole rape growth cycle instead of models built at each growth stage.
Materials

Test Site
The study site was located on farmland in Shangkuli (120.76 • -120.89 • E; 50.28 • -50.39 • N) in City Hailar, Inner Mongolia, which is in the northeast of China (Figure 1 ). The landscape is predominantly flat, with a slope of less than 1%. The whole study area is dominated by a Leached Chernoem soil with a sand clay silt texture (sand = 5.86%, clay = 42.8%, silt = 52.06%). The climate is classified as cold temperate continental monsoon, with a cold and dry long winter, whereas the short summer is warm and wet. Approximately 90% of the farmland supports one harvest per year. The principal crops cultivated in the study area are spring rape (Brassica napus L.) and wheat (Triticum aestivum and Hordeum vulgare). The specific species of rape cultivated at the test site was hybrid-5, which is quite common in the north of China. This crop is usually sown from May to June, reaching maturity in the middle of August, and is harvested in early September. The cultivation period lasts about 115-140 days.
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Materials
Test Site
The study site was located on farmland in Shangkuli (120.76°-120.89°E; 50.28°-50.39°N) in City Hailar, Inner Mongolia, which is in the northeast of China (Figure 1 ). The landscape is predominantly flat, with a slope of less than 1%. The whole study area is dominated by a Leached Chernoem soil with a sand clay silt texture (sand = 5.86%, clay = 42.8%, silt = 52.06%). The climate is classified as cold temperate continental monsoon, with a cold and dry long winter, whereas the short summer is warm and wet. Approximately 90% of the farmland supports one harvest per year. The principal crops cultivated in the study area are spring rape (Brassica napus L.) and wheat (Triticum aestivum and Hordeum vulgare). The specific species of rape cultivated at the test site was hybrid-5, which is quite common in the north of China. This crop is usually sown from May to June, reaching maturity in the middle of August, and is harvested in early September. The cultivation period lasts about 115-140 days. 
Temporal Quad-Polarization Data and Ground Truth Data
In this study, five temporal Radarsat-2 quad-polarimetric single-looking complex (SLC) C-band (5.3 GHz) images were collected from 23 May 2013, to 27 August 2013, which covered the whole growth cycle of the rape crop. To build a time series in the most consistent way, all of the images were acquired with the same mode, beam, and orbit pass. Table 1 shows the detailed parameters of the SAR datasets. Field data were collected concurrently with SAR acquisition. A set of 95 rape plots was used in this study. The size of the sample plots varied from 3.3 to 47.0 hectares; the average size was 18.6 hectares. The planting direction was west-east, and the row spacing was 30 cm. Information recorded during the field work included LAI, plant stem height, fresh and dry weight per m 2 , plant water content, and global positioning system (GPS) location. The coordinate information of these samples was recorded with a Trimble Pathfinder DGPS, which was later co-registered with polarimetric SAR (PolSAR) data. The position precision was 50 cm. LAI (m 2 m −2 ) values were measured at three sample sites in each parcel with a LI-COR LAI-2200 instrument. To obtain LAI measurements, we took one measurement of the sky, and then four measurements of the lower part of the crop vegetation. Finally, one more measurement of the sky was taken. All of the LAI measurements were measured either in the early morning or late afternoon to reduce the effects of the sun. The three samples were chosen randomly. The volumetric water content (m 3 m −3 ) in the top 7.5 cm of the soil were also measured the same way as the LAI using a FieldScout time domain reflectometry soil moisture meter in high clay mode after its calibration. At each of the three sample sites, five soil moisture readings were taken and then 15 moisture readings were collected for each plot. Biomass samples were randomly collected in a square of 0.5 m × 2 rows in each plot. Then each biomass sample was weighed to determine the wet weight, and the value was recorded as wet biomass (g m −2 ). Then it was dried at 95 • C for 48 h and weighed again. The new value was recorded as the dry biomass.
Methods
Quad-Polarization SAR Data Processing and Feature Extraction
A total of 27 quad-polarisation parameters were extracted from each of the SLC SAR datasets. They were grouped into three feature types: intensity-based parameters (HH, HV, and VV), Freeman-Durden decomposition-based parameters (ODD for surface scattering component, DBL for double-bounce scattering component, VOL for volume scattering component and ratio parameters derived from them), and Cloude-Pottier decomposition-based parameters such as each eigenvalue and other parameters derived from them (i.e., entropy and α). All of the features were multi-looked, filtered using PolSARPro software version 5.0, and orthorectified using MapReady. The data were multi-looked, with two in the azimuth direction and two in the range direction, and filtered using a 5 × 5 Boxcar filter to reduce speckle noise. The resulting pixel dimensions were about 9.92 × 9.46 m. A shuttle radar topographic mission 30 m (i.e., 1 arc second) digital elevation model (DEM) was used for SAR image simulation and registration, and for subsequent orthorectification of all of the features.
After orthorectification, all of the features were converted into the WGS-84 datum and UTM zone 50-north coordinate system. Figure 2 shows the SAR data processing procedure and study flowchart. After orthorectification, all of the features were converted into the WGS-84 datum and UTM zone 50-north coordinate system. Figure 2 shows the SAR data processing procedure and study flowchart. 
Intensity-Based Parameters
The normalised radar cross-section ( ), which corresponds to the backscattering coefficient, was converted by the imaginary part (I) and real part (Q) of the signal for each polarisation (HH, HV, VH, and VV) in the tiff image file from each SLC data through Equation (1) . Equation (2) interpreted the details of the radiometric calibration and how to keep the phase for further PolSAR data analysis.
where A is the gain, which only changes in the range direction and is provided as a look-up table in XML file format in each SLC data product file; S2 is the Sinclair matrix, and the subscripts correspond to all of the polarisation channels (e.g., HH, HV, VH, and VV). Because Radarsat-2 data are acquired Figure 2 . Synthetic aperture radar (SAR) data processing and the study flowchart. SLC, single-looking complex; LAI, leaf area index; RMSE, root mean square error.
The normalised radar cross-section (σ 0 ), which corresponds to the backscattering coefficient, was converted by the imaginary part (I) and real part (Q) of the signal for each polarisation (HH, HV, VH, and VV) in the tiff image file from each SLC data through Equation (1) . Equation (2) interpreted the details of the radiometric calibration and how to keep the phase for further PolSAR data analysis. 
[T] = HV /(σ 0 HH, + σ 0 VV + 2σ 0 HV ) based on backscattering coefficients were also extracted. The ratios of the backscattering coefficients were insensitive to surface roughness but were sensitive to the dielectric constant of the surface. PDR corresponding to scattering angle was also sensitive to materials with different dielectric constants [31] . The RVI describes the percentage scattering power from vegetation or soil [29, 32] .
Freeman-Durden Decomposition-Based Parameters
The Freeman-Durden decomposition is a technique for fitting a physically based, three-component scattering mechanism model to quad-polarimetric SAR observations without utilizing any ground truth measurements [33] . In this study, the symmetric covariance matrix (C3) calculated by the calibrated S2 was applied to extract three scattering mechanisms according to Freeman-Durden decomposition: vegetation scattering from randomly oriented dipoles (VOL), double-bounce scattering (DBL), and first-order Bragg surface scattering (ODD). The RVI based on three scattering mechanisms (RV I Freeman = VOL/(VOL + DBL + ODD)), and the ratios among VOL, DBL, ODD, and total scattering power (SPAN), as well as the ratio between VOL and ODD, were also extracted in this study. These ratios were reported to be sensitive to vegetation growth by Hao [25] .
Cloude-Pottier Decomposition-Based Parameters
Cloude-Pottier decomposition [31] is based on eigenvalues and the eigenvector extraction of a coherency matrix (T), which is defined as an outer product of the corresponding scattering vectors in Pauli bases (Equation (3)). The key idea of this approach is the generalisation of the wave dichotomy to higher dimensional coherency matrices. According to symmetry theory, in this case we wrote the general depolarizing coherency matrix as the sum of three independent and orthogonal scattering mechanisms, as shown in Equation (4):
where ... denotes averaging, λ i is the real eigenvalue and has a direct physical interpretation in terms of the power scattering into the mechanism represented by e i , e i is the corresponding complex eigenvector and is parameterized by unitary transform. Two functions of these eigenvalues are widely used to measure wave depolarisation. The two functions are defined as Equation (5) and are named the scattering entropy (H) and anisotropy (A).
A zero value of entropy indicates a purely polarised wave. At the other extreme, an entropy value of one means that the maximum depolarisation occurs. A is a complementary parameter to H, and measures the relative importance of the second and third eigenvalues in this decomposition. A = 0 indicates two secondary mechanisms of approximately equal proportions, whereas A = 1 indicates that the second mechanism is greater than the third. Although H is sensitive to the polarised and depolarised component, it cannot be used to determine the different scattering mechanisms in the polarised component. Thus, α, which can also be extracted from eigenvector e i , was selected as an indicator of the different scattering mechanisms in polarised components. H and α are also known as H/α decomposition. α ranges between 0 and 90 degrees, corresponding to a continuous change from surface scattering (α = 0 • ), then to dipole or volume scattering (α = 45 • ), and finally the double-bounce scattering (α = 90 • ).
In this study, eigenvalues and their related probability (λ 1 , λ 2 , λ 3 and P 1 , P 2 , P 3 ), H, α, A, and RVI based on Cloude-Pottier decomposition (RV I Cloude ) were extracted as the polarisation variables RV I Cloude is defined by Equation (6), and describes vegetation shape and direction according to the description of shape and direction in cylinder models.
Ground Data Campaign
During the sowing campaign from 8 May 2013, to 31 May 2013, the local farmland administrator collected detailed measurements such as sowing dates, crop varieties, and whether the plots were ploughed before seeding or not. The days after sowing (DAS) of the 95 selected plots in this study were calculated according to the sowing dates and dates that SAR data were acquired. Daily precipitation was recorded by an automatic meteorological station (MidWest, WPH1-PH-6) placed in the centre of the farmland. The cumulative precipitation during the 7 days before each satellite acquisition are shown in Table 2 and Figure 3 . Five concurrent ground measurement campaigns were conducted at each satellite overpass, with no lag of more than 1 day. In each ground measurement campaign, we recorded LAI, stem height, surface soil moisture, and biomass including fresh and dry weight per m 2 from 11 to 14 representative plots. polarised component. Thus, α, which can also be extracted from eigenvector , was selected as an indicator of the different scattering mechanisms in polarised components. H and α are also known as H/α decomposition. α ranges between 0 and 90 degrees, corresponding to a continuous change from surface scattering (α = 0°), then to dipole or volume scattering (α = 45°), and finally the doublebounce scattering (α = 90°).
In this study, eigenvalues and their related probability ( , , , , ), H, α, A, and RVI based on Cloude-Pottier decomposition ( ) were extracted as the polarisation variables is defined by Equation (6), and describes vegetation shape and direction according to the description of shape and direction in cylinder models.
During the sowing campaign from 8 May 2013, to 31 May 2013, the local farmland administrator collected detailed measurements such as sowing dates, crop varieties, and whether the plots were ploughed before seeding or not. The days after sowing (DAS) of the 95 selected plots in this study were calculated according to the sowing dates and dates that SAR data were acquired. Daily precipitation was recorded by an automatic meteorological station (MidWest, WPH1-PH-6) placed in the centre of the farmland. The cumulative precipitation during the 7 days before each satellite acquisition are shown in Table 2 and Figure 3 . Five concurrent ground measurement campaigns were conducted at each satellite overpass, with no lag of more than 1 day. In each ground measurement campaign, we recorded LAI, stem height, surface soil moisture, and biomass including fresh and dry weight per m 2 from 11 to 14 representative plots. 
Temporal Polarimetric Response of Rape
The temporal polarimetric responses of rape biomass during the entire growth cycle were analysed as a function of the DAS. To overcome the intrinsic speckle effect, 27 polarimetric parameters for each plot were averaged at the plot level. Because these plots had different sowing dates (17 sowing dates as shown in Table 3 ), there were 85 different DAS for our five consecutive SAR acquisitions. To reduce the influence of uncontrolled factors on polarimetric parameters for the same DAS, mean values of all of the fields with the same DAS were calculated to analyse dynamic changes in the 27 polarimetric parameters. The shape and aspect of rape changed substantially during its growth cycle, which results in changes in its polarimetric scattering and biomass [2] . Thus, the entire growth cycle of rape was divided into five stages according to their Biologische Bundesanstalt Bundessortenamt und CHemische Industrie (BBCH) [25] , SAR data acquisition date, and DAS. The details are showed in Table 3 . Photographs of rape at each growth stage are shown in Figure 4 . 
Growth Parameters Inversion with Empirical Regression Models
The empirical regression models, which simplify the procedure of radiometric transfer and have great accuracy and feasibility in vegetation parameter inversion, were selected in this study for rape growth parameter inversion. Five traditional regression models were analysed in this study: linear (Equation (7)), quadratic (Equation (8)), power (Equation (9)), index (Equation (10)), and logarithm (Equation (11)). Statistical computations were conducted using the Statistical Product and Service Solutions software. The five models were run at different growth stages and for the entire growth cycle. All of the models were assessed within a significance level (P) of less than 0.05. The coefficient of determination (R 2 ) and RMSE (Equation (12)) were used to determine model effectiveness and validate the accuracy of the results. There were 44 samples used for determining biomass inversion and 33 samples used for determining LAI and stem height inversion during the whole growth cycle. Previous studies have inversed the growth parameters at different phenological stages due to the obvious different characteristics at the different growth stages. In this study, one of the objectives was to determine whether models that developed during the entire growth cycle could be substituted for models developed at each growth stage of the crop. Therefore, the main growth stages (i.e., P2, P3, and P4) of rape were chosen to analyse the substitutability of the models developed in the study. For each stage, 11 samples were used for the inversion of three growth parameters. Considering the small group of samples used for growth parameter inversion at each stage, only biomass was considered representative in this study. For the inversion procedure, two-thirds of the samples were used for building models, whereas one-third of the samples were used for the validation of results.
where a, b, and c are the different index coefficients for each model, respectively, whereas x is the independent value and y is the dependent value. In this study, x included biomass, LAI, or stem height, and y included the 27 polarimetric parameters.
where y i andŷ i are the measured and predicted values, respectively, and n is the number of samples.
Results
Sensitivity Analysis of Quad-Polarimetric Observables to Rape Growth Parameters
As described in the Methods section, a total of 44 samples were analysed in terms of the average DAS for each of the polarimetric observables during the entire rape growth cycle. They were plotted to describe the evolution of each polarimetric parameter, which was represented as a function of the DAS; the details are shown in Figure 5 . Because one objective of this study was to identify the effective polarimetric parameters for monitoring rape growth, the results shown in Figure 5 also include plots of the evolution of biomass, LAI, and stem height. Figure 5 provides a description of their evolution for subplots a, b, and c. Considering the similar performance and physical meaning of some quad-polarimetric parameters, several representative polarimetric parameters are shown in Figure 5 . 
Analysis of the Sensitivity of the Quad-Polarimetric Parameters to Biomass
A detailed description of the evolution of the growth parameters was provided in our previous study [20] . From an analysis of the evolution of biomass and polarimetric parameters during the whole rape growth cycle (Figure 5a ), several quad-polarimetric parameters were a good fit for biomass evolution trends. They included HH, VV, HV,α, H, λ 1 , λ 2 , λ 3 , Vol, Span, RVI (Cloude) , and RVI (Freeman) . Among them, λ 2 and VOL were perfectly coincident with the evolution of biomass. λ 2 , which represents the projection of a dihedral scattering mechanism on the HH-VV Pauli component, is the second eigenvalue of the coherence matrix T. It was indicated that the volume derived from the Freeman-Durden decomposition and double-bounce scattering described by an eigenvalue fluctuated in a similar manner to the biomass for the entire growth cycle and at different growth stages. By contrast, some quad-polarimetric parameters (e.g., RVI and A) were only weakly correlated with biomass evolution. RVI, which is based on the assumption of a strong double bounce occurring, was not suitable for the interpretation of the biomass response and displayed quite different trends.
Analysis of the Sensitivity of Quad-Polarimetric Parameters to LAI
Figure 5b shows a scatterplot of LAI against DAS during the whole rape growth cycle. From a comparison of the trend between quad-polarimetric parameters and LAI, the trends of RVI (Freeman) , RVI (Cloude), α, P2, P3, HH, HV, and VV were found to exhibit a positive agreement with the evolution of LAI. Moreover, RVI (Freeman) , RVI (Cloude), and α presented five different principal ranges during the entire cycle, and had trends perfectly coincident with the LAI, which were also confirmed by the correlation analysis results in Section 4.2. According to the definition of RVI (Freeman) and RVI (Cloude), they are the ratio of volume scattering power with total scattering power. The difference between them is the value of the volume scattering power. RVI (Freeman) was calculated by a Freeman-Durden decomposition, which was based on the physical scattering depolarisation models. RVI (Cloude) was derived from the eigenvalue decomposition, which was based on mathematics. The strong agreement of RVI (Freeman) and RVI (Cloude) with the evolution of LAI revealed a large sensitivity of the ratio between volume scattering power and total scattering power to the rape LAI. Because α represents a smooth scattering mechanism when a target is changed, the strong agreement between it and LAI indicated the sensitivity of LAI to target scattering mechanisms. Figure 5c describes the evolution of stem height during the entire rape growth cycle. Stem height continued to increase before 75 DAS, and then the increasing tendency of the scatter plots tapered to a flat line until 95 DAS. From the monotone changes in the evolution of stem height it was clear that more quad-polarimetric parameters had a strong agreement with stem height than with biomass and LAI. Among all of the quad-polarimetric parameters, α, H, RVI (Freeman) , and RVI (Cloude), which had similar trends from the beginning of the growth cycle to 75 DAS, displayed the strongest agreement with the evolution of stem height. The results also revealed that the quad-polarimetric parameters had a higher sensitivity to stem height than biomass and LAI. The likely reason for this might be the uncertainty or error transmission in the calculation of biomass and LAI, while there was no such influence on stem height, which was measured directly.
Analysis of the Sensitivity of Quad-Polarimetric Parameters to Stem Height
Empirical Regression Models Derived for Rape Growth Parameters
From the analysis in Section 3, the evolution of several quad-polarimetric parameters was in an obvious agreement with the evolution of rape biomass, LAI, and stem height, which indicated the potential for the use of empirical regression models for the inversion of those growth parameters. In this section, five traditional empirical regression models (linear, logarithmic, quadratic, power, and index models) were applied for the inversion of rape biomass, LAI, and stem height. The coefficients of determination and an analysis of their physical meaning are reported in Section 4.1, and our previous study was used to select the best performing quad-polarimetric observables for the growth parameter inversion. Of the models tested, quadratic models had higher R 2 values than the other empirical regression models. However, the R 2 values of quadratic models were overestimated when the physical interpretations were related to the relationship between quad-polarimetric parameters and crop scattering mechanisms. Most logarithm and linear models, which had lower R 2 values than quadratic models and higher R 2 values than other empirical regression models, tended to provide a better physical interpretation of rape scattering mechanisms than quadratic models.
Empirical Regression Models Derived for Biomass
To build inversion models for rape biomass, 27 quad-polarimetric parameters were applied in the five empirical regression models. Table 4 shows the representative parameters that had R 2 values higher than 0.4 among the five regression models. The logarithmic and power models for HH, HV, and VV were computed by their inverse values. In Table 4 , there are empty values for PDR because of the negative value for the construction of the logarithmic and power models. Of the five models, quadratic models, with high R 2 values, had the best performance for biomass inversion. For 16 quad-polarimetric parameters, there was a strong agreement with biomass, with R 2 values greater than 0.7. There was a moderate agreement for three parameters, with R 2 values between 05 and 0.7. The polarisation decomposition parameters indicated a strong performance in growth parameter inversion in the quadratic models, particularly VOL, λ 1 , and λ 2 . There were 10 quad-polarimetric observables with an R 2 value greater than 0.7 in the linear models, with the best one (VOL) with an R 2 value equal to 0.827. The best parameter for logarithm models was λ 3 with an R 2 value equal to 0.859. The lower R 2 values of the power and index models suggested their limited potential for biomass inversion. The five empirical models for biomass inversion were also built with 27 quad-polarimetric parameters at the P2, P3, and P4 stages in this study. The quadratic models also performed better than the other empirical models in the models constructed at the different growth stages. However, the R 2 values of the models built at each stage were lower than those in the models built for the entire growth cycle. There were six quad-polarimetric parameters with R 2 values higher than 0.7 in the quadratic models, and three in the linear and logarithm models for biomass inversion at the P1 stage.
VOL had the best agreement with biomass, with an R 2 value of 0.828 at the P2 stage in the quadratic model. The best parameters for both the linear and logarithm models were λ 1 , with R 2 values of 0.754 and 0.7701, respectively. At the P3 stage, only λ 2 had an R 2 value greater than 0.7 in the quadratic, linear, logarithm, and power models. The values were 0.834, 0.711, 0.730, and 0.781, respectively. The higher R 2 value between λ 2 and biomass revealed that the dominant scattering at the P2 stage was double-bounce scattering. It was also found that the Cloude-Pottier decomposition performed better than the Freeman-Durden decomposition for describing the rape scattering mechanism at this stage. At the P3 stage, RVI, which usually had a lower R 2 value in the inversion models for the entire growth cycle, was the only quad-polarimetric parameter with an R 2 greater than 0.7 in all five of the empirical regression models. This indicated that RVI was sensitive to biomass at this stage. Moreover, HH/VV, which had no effect on surface roughness but was dependent on the dielectric constant of the surface, also had a higher R 2 than the other parameters except RVI. The strong correlation between HH/VV and biomass revealed that the water content in rape changed regularly at the P3 stage.
Empirical Regression Models Derived for LAI
1.
Five empirical regression models were applied to invert the LAI in this study. During the entire growth cycle of rape, 27 quad-polarimetric parameters were assessed against LAI using these regression models. Table 5 shows the parameters that had R 2 values higher than 0.4 for the five regression models. As with the inversion of biomass, quadratic models also produced a higher R 2 value than the other models. There were 16 polarimetric parameters with R 2 values greater than 0.7 in the quadratic models. However, some backscatter coefficients (e.g., HH and HV) had a strong agreement with the evolution of LAI. The results revealed that the sensitivity of backscatter coefficients to LAI was not the same as for biomass. There were 15 quad-polarimetric parameters with R 2 values greater than 0.7 in the linear models, which was larger than the corresponding number for biomass. Among these linear models, the highest R 2 value (0.831) was acquired by H. The best parameter for logarithm model inversion was RVI (Freeman) , with an R 2 value of 0.843. The lower R 2 values in the power and index models implied that they were not suitable for LAI inversion. However, the results could have been affected by moisture conditions. 
Empirical Regression Models Derived for Stem Height
Inversion models for stem height were built for biomass and LAI. Compared to biomass and LAI, more quad-polarimetric parameters had a strong sensitivity to stem height. Table 6 shows the parameters that had R 2 values higher than 0.6 for the five regression models. There were 17 polarimetric parameters for which there was a strong correlation with stem height, with R 2 values greater than 0.7. The R 2 values for α and H were higher than 0.9. It was noted that eigenvalues were not included in the polarimetric parameters with higher R 2 values. However, the eigenvalues of λ 2 and λ 3 were strongly correlated with stem height in the linear and logarithm models, with R 2 values greater than 0.7. The results also confirmed that an overestimation existed in the quadratic regression models. 
Mapping Results for Rape Growth Parameters
We analysed the R 2 values of all of the empirical regression models for each rape growth parameter in Section 4.2; the quadratic models with the three highest R 2 values and the linear or logarithm models with the highest R 2 values were selected to calculate their RMSEs. Table 7 shows the best models for each growth parameter inversion. The models with the lowest RMSE were selected as the most appropriate models for biomass, LAI, and stem height inversion. The inverted results at the P2, P3, and P4 stages were mapped in ArcGIS, and the related errors were also calculated and mapped. A similar procedure was applied to determine the most appropriate model for biomass inversion at each stage ( Table 8) . The difference between these two biomass inversion results was also analysed, with the results presented in Section 4.3.1. Biomass maps were produced for the P2, P3, and P4 stages and for the entire growth stage model of y = −590.51x 2 + 1043.5x − 0.275, with the models for the different stages being y = 176.89ln(x) + 405.62 for P2, y = 306851x 2 -44149x + 1769.3 for P3, and y = 2839x + 334.32 for P4. These maps are shown in Figure 6 . A comparison of estimation errors between two models at each stage is shown in Table 9 . The spatial distribution of biomass in the maps calculated by the entire growth stage model were consistent with the biomass growth in the field campaign, but this was not the case for the biomass map calculated by the regression model at the P2 stage. In this stage, one-third of all of the plots on the map had a biomass higher than 300 g m −2 , which is not the actual case. The results were confirmed by the higher error in Table 8 at the P2 stage. At this stage, the estimation errors greater than 100 g m −2 were 45.5% for the regression model in the different stages, but were 18.2% for entire growth cycle regression model. The physical reason for this result was that soil scattering was more important than crop scattering because of the low crop cover at the P2 stage. With the growth of rape at the P3 and P4 stages, the backscattering signal from crops became larger than that from soil, and then the results for the regression models at each stage had a higher accuracy than the results from the entire growth cycle regression model. At the P3 stage, the results had an error of less than 25 g m −2 in 72.7% of plots when ODD was used with the linear model, but the figure was 45.5% in the model developed for the whole growth cycle. At the P4 stage, 36.3% of the models for different stages had errors of less than 25 g m −2 compared to zero for the entire growth cycle logarithm model. Biomass maps were produced for the P2, P3, and P4 stages and for the entire growth stage model of y = −590.51x 2 + 1043.5x − 0.275, with the models for the different stages being y = 176.89ln(x) + 405.62 for P2, y = 306851x 2 -44149x + 1769.3 for P3, and y = 2839x + 334.32 for P4. These maps are shown in Figure 6 . A comparison of estimation errors between two models at each stage is shown in Table 9 . The spatial distribution of biomass in the maps calculated by the entire growth stage model were consistent with the biomass growth in the field campaign, but this was not the case for the biomass map calculated by the regression model at the P2 stage. In this stage, one-third of all of the plots on the map had a biomass higher than 300 g m −2 , which is not the actual case. The results were confirmed by the higher error in Table 8 at the P2 stage. At this stage, the estimation errors greater than 100 g m −2 were 45.5% for the regression model in the different stages, but were 18.2% for entire growth cycle regression model. The physical reason for this result was that soil scattering was more important than crop scattering because of the low crop cover at the P2 stage. With the growth of rape at the P3 and P4 stages, the backscattering signal from crops became larger than that from soil, and then the results for the regression models at each stage had a higher accuracy than the results from the entire growth cycle regression model. At the P3 stage, the results had an error of less than 25 g m −2 in 72.7% of plots when ODD was used with the linear model, but the figure was 45.5% in the model developed for the whole growth cycle. At the P4 stage, 36.3% of the models for different stages had errors of less than 25 g m −2 compared to zero for the entire growth cycle logarithm model. 
. Mapping Results for LAI
The LAI results at the P2, P3, and P4 stages with the quadratic model built during the whole growth cycle are mapped in Figure 7 . The LAI values in these maps were consistent with reality, with continued growth during the P2 and P3 stages, which then remained stable at the P4 stage. Some plots had higher LAI values at the P3 stage, with a decrease at the P4 stage. This phenomenon was Figure 6 . Biomass of 95 rape plots based on background images of quad-polarisation parameters used in their estimation models. (A1, B1, and C1) are the estimation results with models of y = −590.51x 2 + 1043.5x − 0.275 at the P2, P3, and P4 stages, respectively. The background images are the VOL parameter. (A2, B2, and C2) are the estimation results of the regression models at each stage. The background images for A2 are lambda λ1, for B2 it is ODD, and for C2 it is HH/VV. The unit is g m −2 . Table 9 . The proportion of plots within each estimation error range for biomass at each stage with entire growth cycle regression models and models built at the P2, P3, and P4 stages. 
Mapping Results for LAI
The LAI results at the P2, P3, and P4 stages with the quadratic model built during the whole growth cycle are mapped in Figure 7 . The LAI values in these maps were consistent with reality, with continued growth during the P2 and P3 stages, which then remained stable at the P4 stage. Some plots had higher LAI values at the P3 stage, with a decrease at the P4 stage. This phenomenon was confirmed by the rape growth characteristics during these two stages. During these stages, large leaves in the bottom canopy layer began to wither and fall, which resulted in smaller and fewer leaves per unit volume, subsequently causing a decrease in the LAI. For the quadratic model, the high percentage of results within an LAI of 0-20 in Table 10 revealed its effectiveness for LAI inversion at each rape growth stage, particularly at the P2 and P3 stages. Table 10 shows a good performance for LAI inversion, with more than half of all plots having estimation errors of less than 0.5, but it also revealed a lack of sensitivity of RVI (Cloude) to LAI at the P4 stage. In this stage, with the elongation of the rape stem, it is difficult for RVI (Cloude) to respond to the change in rape scattering mechanisms, which was also confirmed by the dynamic changes in α and DBL. To obtain better inversion results, further investigations are needed in the future. confirmed by the rape growth characteristics during these two stages. During these stages, large leaves in the bottom canopy layer began to wither and fall, which resulted in smaller and fewer leaves per unit volume, subsequently causing a decrease in the LAI. For the quadratic model, the high percentage of results within an LAI of 0-20 in Table 10 revealed its effectiveness for LAI inversion at each rape growth stage, particularly at the P2 and P3 stages. Table 10 shows a good performance for LAI inversion, with more than half of all plots having estimation errors of less than 0.5, but it also revealed a lack of sensitivity of RVI (Cloude) to LAI at the P4 stage. In this stage, with the elongation of the rape stem, it is difficult for RVI (Cloude) to respond to the change in rape scattering mechanisms, which was also confirmed by the dynamic changes in α and DBL. To obtain better inversion results, further investigations are needed in the future. The stem height results at the P2, P3, and P4 stages of each rape plot in the test site were mapped to demonstrate the potential of the selected regression model (Figure 8 ). The estimation errors (Table  11 ) also confirmed the effectiveness of this model. They also indicated that this model performed better at the P2 and P4 stages than at the P3 stages. In the P2 and P3 stages, there were 63.6% of plots with an estimation error less than 10 cm, whereas in the P4 stage, the figure was 45.5%. However, it should be noted that, at the P2 stage, despite the lower error ratio, the results showed an overestimation of stem height, which might have resulted from the dominance of soil scattering at this stage. The analysis of the other polarimetric parameters indicated that the high estimation results in the P4 stage may have been caused by a change in the scattering mechanism following a change in the stem height. We therefore used different polarimetric parameters (e.g., VOL or SPAN) for stem height inversion to improve the estimation accuracy; however, further investigations are required in the future. The stem height results at the P2, P3, and P4 stages of each rape plot in the test site were mapped to demonstrate the potential of the selected regression model (Figure 8 ). The estimation errors (Table 11) also confirmed the effectiveness of this model. They also indicated that this model performed better at the P2 and P4 stages than at the P3 stages. In the P2 and P3 stages, there were 63.6% of plots with an estimation error less than 10 cm, whereas in the P4 stage, the figure was 45.5%. However, it should be noted that, at the P2 stage, despite the lower error ratio, the results showed an overestimation of stem height, which might have resulted from the dominance of soil scattering at this stage. The analysis of the other polarimetric parameters indicated that the high estimation results in the P4 stage may have been caused by a change in the scattering mechanism following a change in the stem height. We therefore used different polarimetric parameters (e.g., VOL or SPAN) for stem height inversion to improve the estimation accuracy; however, further investigations are required in the future. 
Discussion
To understand the sensitivity of polarisation information to rape biomass, LAI, and stem height, we extracted 27 polarisation parameters from SLC SAR datasets in the literature [1, 2] and analysed their evolution as a function of DAS. From these analyses, we found that many C-band polarisation observables were significantly correlated with rape biomass, LAI, and stem height. Among them, HH, VV, HV, α, H, eigenvalues of T matrix, VOL, SPAN, RVI (Cloude) , and RVI (Freeman-Durden) had strong agreement with the evolution of biomass. HH, VV, HV, α, P2, P3, RVI (Cloude) , and RVI (Freeman) had high coincidence with the evolution of LAI. H, α, RVI (Cloude), and RVI (FreemanDurden) displayed high sensitivity to stem height. These results also highlighted the different sensitivity of these parameters to rape biomass, LAI, and stem height. The good performance of several polarimetric parameters has also been reported for canola stem height and LAI inversion in the literature [1, 2] . To determine the most effective empirical inversion models for the inversion of the three growth parameters, we compared the performance of the linear, logarithmic, quadratic, power, and exponential models through an analysis of their coefficients of determination and their physical relationship with scattering mechanisms. The results indicated that quadratic models performed better than the other models, with higher R 2 values. However, sometimes there was an overestimation. By contrast, linear and logarithmic models produced more stable estimation results. To determine the interchangeability of models built during the entire growth cycle with models built at each growth stage, these five types of regression models were also built at the P2, P3, and P4 stages for biomass inversion. The models with the lowest estimation RMSE were selected for the inversion and mapping of rape biomass, LAI, and stem height. The results for the models built at each stage showed that when crop cover was high (e.g., the P3 and P4 stages) the models performed better than the models built during the entire growth cycle. However, this was not the case for the P2 stage, in which crop cover was low and soil scattering was dominant. 
To understand the sensitivity of polarisation information to rape biomass, LAI, and stem height, we extracted 27 polarisation parameters from SLC SAR datasets in the literature [1, 2] and analysed their evolution as a function of DAS. From these analyses, we found that many C-band polarisation observables were significantly correlated with rape biomass, LAI, and stem height. Among them, HH, VV, HV, α, H, eigenvalues of T matrix, VOL, SPAN, RVI (Cloude) , and RVI (Freeman-Durden) had strong agreement with the evolution of biomass. HH, VV, HV, α, P2, P3, RVI (Cloude) , and RVI (Freeman) had high coincidence with the evolution of LAI. H, α, RVI (Cloude), and RVI (Freeman-Durden) displayed high sensitivity to stem height. These results also highlighted the different sensitivity of these parameters to rape biomass, LAI, and stem height. The good performance of several polarimetric parameters has also been reported for canola stem height and LAI inversion in the literature [1, 2] . To determine the most effective empirical inversion models for the inversion of the three growth parameters, we compared the performance of the linear, logarithmic, quadratic, power, and exponential models through an analysis of their coefficients of determination and their physical relationship with scattering mechanisms. The results indicated that quadratic models performed better than the other models, with higher R 2 values. However, sometimes there was an overestimation. By contrast, linear and logarithmic models produced more stable estimation results. To determine the interchangeability of models built during the entire growth cycle with models built at each growth stage, these five types of regression models were also built at the P2, P3, and P4 stages for biomass inversion. The models with the lowest estimation RMSE were selected for the inversion and mapping of rape biomass, LAI, and stem height. The results for the models built at each stage showed that when crop cover was high (e.g., the P3 and P4 stages) the models performed better than the models built during the entire growth cycle. However, this was not the case for the P2 stage, in which crop cover was low and soil scattering was dominant.
It is generally accepted that C-Band polarimetric data are useful for crop biomass and LAI retrieval [2] [3] [4] 18, 31, 34, 35] . LAI estimation errors (RMSE in m 2 m −2 ) range from 0.63 to 0.97 [36] . Estimation errors for biomass range from 58.438 to 78.834 g m −2 [37] . These results were confirmed in this study. However, because the scattering mechanisms of crops are determined by their structure, which vary by crop type, condition, and phenology, it is necessary to extract more polarimetric parameters to determine the most sensitive parameters for different crop types under different conditions and with different phenologies [2, 11, 18] . A report by the Department of Agriculture and Agri-Food of Canada demonstrated the sensitivity of many polarimetric parameters to the dry biomass of corn, canola, and soybean, but not spring wheat [2] . Their results also proved the different capability of polarimetric parameters for the growth parameter inversion of canola and spring wheat [18] . In their results, α produced the highest R 2 values with canola stem height, which was also the case in our study. Some studies have estimated crop height with a polarimetric interferometric technique and produced similar results to those in our study [6, 12] . Rape is a broadleaf plant, with a very distinctive change in canopy structure throughout its growth cycle. Due to its differences to corn, rice, soybean, and wheat, most of the abovementioned studies are not completely comparable with our study. However, the polarimetric sensitivity analysis of rape growth parameters still yielded some similar results to those of other studies using C-Band data to determine the polarimetric response or phenology identity. In the current study, a logarithmic regression based on rape biomass achieved an R 2 value of 0.8337 for VOL. Wiseman also reported a significant correlation between biomass and VOL, with an R 2 value of 0.579 for canola [2] . VOL had the second highest R 2 value of all of the polarimetric parameters investigated in this study. The lower values of the correlation coefficient in this study were possibly caused by the different SAR data acquisition parameters, such as incidence angle, during the entire growth cycle [14, 38] . The significant correlations between HH, VV, HV, α, and LAI and their fluctuation with crop types in this study were also confirmed by the results from other studies [10, 14] . In previous studies, the R 2 values for different polarisation parameters fluctuated from 0.15 to 0.97. In the current study, most of values were in the 0.01-0.87 range. The sensitivity of polarisation parameters to stem height in the current study was in agreement with the results reported in other studies [32, 38] .
To the best of our knowledge, this study was the first to select suitable empirical regression models for crop growth parameter inversion with polarimetric observables by the comparison of five different empirical regression models. Wiseman et al. (2015) demonstrated the apparent differences in polarimetric parameters to wheat, soybean, canola, and corn, which revealed the necessity to choose suitable models for crop growth parameters inversion with polarimetric parameters [2] . The best model for biomass estimation during the whole growth cycle was a quadratic regression based on VOL, with an R 2 value of 0.854 and RMSE of 109.93 g m −2 . In comparison, Yanghao (2015) obtained best case biomass estimations, with an R 2 value of 0.79 and RMSE of about 91.7 g m −2 in rape using a linear regression model [25] . Hosseini et al. (2015) also predicted crop biomass using the WCM on Radarsat-2, with a mean RMSE of 78.834 g m −2 ; however, the crop investigated was wheat [37] . Several studies also used polarimetric parameters, and with other inversion models obtained a stem height inversion RMSE of 10.37 cm, LAI inversion RMSE of 0.48 and biomass inversion RMSE of 220 g/m 2 [20] . Although these studies obtained a better LAI and stem height estimation accuracy than the current study, more time was required to construct the algorithm model and calculation. Better results may be achieved with lidar, hyperspectral data, or unmanned aerial vehicle data [7, 8] ; however, data collection depends on weather conditions, which can prevent the continuous monitoring of crops. This study was also the first time the feasibility of using a model built during the whole crop growth cycle was tested as an alternative to models built at each stage of crop growth. Most biomass estimation is performed at different crop growth stages, such as booting and anthesis [25, 27] . The results of this study demonstrated the good performance of biomass inversion model built during the entire growth cycle. For this model, about 50% of the estimation errors were lower than 50 g m −2 at different rape growth stages, particularly in the early season at the P2 and P3 stages. The study also found a higher estimation accuracy for models built at each certain stage. The correlations between polarimetric parameters and crop biomass at different growth stages and the whole growth cycle in previous studies were also similar to the results of this study [2] . However, because there were few samples for parameter inversion at each growth stage the results may not be robust, and their reliability needs to be confirmed. The best model for LAI inversion in this study was the quadratic model, based on RVI (Cloude), with an R 2 value of 0.8705 and RMSE of 0.56. Jiao et al. (2011) obtained the best LAI estimation by linear regression based on pedestal height, with an R 2 value of 0.91 and RMSE of 0.22 [14] . The value was acquired with LAI samples between 0 and 3. Prevot et al. (1993) estimated LAI with a WCM using C-Band data, with an RMSE of 0.64. The best model for stem height estimation in this study was also a quadratic regression, but based on α, with an R 2 value of 0.937 and RMSE of 11.09 cm [34] . The results were similar to those of the stem height inversion of rice obtained with polarimetric interferometric SAR technology, reported by Esra et al. (2016), with an RMSE of 10-13 cm [6] .
Maps of crop growth parameters at different growth stages provided the crop growth state. The error calculated from the maps clearly demonstrated the accuracy of the inversion models at different growth stages. Based on a comparison between estimated biomass maps and reference data, we found that rape biomass continued to increase during the P2 and P4 stages. Most of the estimation error was lower than 50 g m −2 revealing the inversion potential of the models built during the entire growth cycle and indicating the potential for the substitution of models built at each stage. These conclusions were also applicable to LAI and stem height inversions, although further analysis is needed.
Compared to studies conducted using soybean, rice, wheat, canola, and cotton, the results of this study were very promising given that growth parameter estimation obtained similar or even better accuracies in rape plots. According to the highest R 2 values between polarimetric observables and growth parameters acquired by different polarisation parameters for different crops, we demonstrated that polarisation sensitivity changes with crop type. From an analysis of the performance of five types of empirical regression models, it was found that the quadratic, linear, and logarithmic models had a better estimation ability and robust growth parameter inversion. Models built during the entire growth cycle had the potential to be substituted for models built at each growth stage, with moderate levels of accuracy (RMSE of 100 g m −2 for biomass).
Conclusions
We investigated the sensitivity of quad-polarimetric observables to rape growth parameters at each growth stage and during the entire growth cycle with temporal Radarsat-2 data acquired during the entire rape growth season. We also estimated growth parameters with suitable empirical regression models based on polarimetric parameters selected from all of the extracted quad-polarimetric parameters, and determined the feasibility of using models built during the entire growth cycle as an alternative to models built at each growth stage.
Significant correlations with high R 2 values between many polarimetric parameters and rape biomass, LAI, and stem height, demonstrated the sensitivity of polarimetric information to rape growth parameters. However, the dependence of polarimetric sensitivity on crop type and phenology stage was also obvious. The best empirical regression models were selected based on a comparison of R 2 values and the RMSE of linear, logarithmic, quadratic, power, and index models, and then were applied to estimate biomass, LAI, and stem height. The results showed that the quadratic regression model had the best performance for growth parameter inversion, while the linear and logarithm models were also suitable for predicting rape growth parameters. However, some previous studies have shown that linear models had higher R 2 values than our results, which could be the result of precipitation conditions, which would cause an obvious change in SAR reflectance. This should be investigated in future studies. A comparison of the estimation results calculated by models built at each growth stage and the entire growth cycle demonstrated their interchangeability with moderate accuracy. Mapping the estimation results could also improve the interpretation of the replaceability of these two types of models.
The study identified a high sensitivity of polarimetric information to rape growth parameters and the strong potential for rape growth parameter inversion with empirical regression models. To make a contribution to global crop growth parameter inversion or yield prediction, the approach should be applied to other crop types, with consideration of their different structure, condition, and phenology. By analysing these differences, this approach could be extended and deployed in different crops. It should be noted that such an SAR analysis is only possible with quad-polarisation observations.
An obvious limitation of this study was the small number of samples used for biomass inversion at each growth stage. In future studies, more samples should be taken. The 24-day revisit time of Radarsat-2 includes several phenological intervals at each growth stage, and therefore some errors will be obtained in growth parameter inversion. Future studies should collect shorter revisit data, such as that from the RADARSAT Constellation Mission, which has a 12-day revisit time. This may improve the performance of growth parameter inversion at each stage and then increase the accuracy of future studies.
